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The Affordable Care Act (ACA), enacted in 2010, marked a transformative moment in 

the United States healthcare landscape. Its primary objectives—to expand healthcare 

coverage, reduce costs, and improve quality—have significantly reshaped how care is 

delivered, funded, and managed. Central to the success of these reforms is the 

integration of technology, which has acted as both a catalyst and an enabler of 

systemic change. This abstract explores the intersection of ACA reforms and emerging 

technologies, analysing how digital innovations have facilitated policy 

implementation, improved patient outcomes, and addressed longstanding 

inefficiencies in the U.S. healthcare system. One of the most notable impacts of the 

ACA is the digitization of healthcare. Mandates for the adoption of Electronic Health 

Records (EHRs) under the Health Information Technology for Economic and Clinical 

Health (HITECH) Act, which aligned closely with ACA objectives, led to widespread 

EHR implementation. This digital transformation has enhanced care coordination, 

increased transparency, and enabled data-driven decision-making, particularly 

within Accountable Care Organizations (ACOs) and patient-centred medical homes—

two ACA-driven care delivery models. Furthermore, the ACA's emphasis on value-

based care has encouraged the adoption of analytics platforms and AI-driven tools 

that can monitor patient populations, predict health risks, and evaluate performance 

metrics. These tools empower providers to proactively manage chronic diseases, 

reduce hospital readmissions, and align with Medicare reimbursement models that 

reward efficiency and quality over volume. Technologies such as telemedicine, which 

saw rapid acceleration post-ACA and particularly during the COVID-19 pandemic, 

have expanded access for underserved populations, reduced geographic barriers, and 

supported mental health initiatives. Insurance marketplaces established by the ACA 

have also benefited from digital infrastructure improvements, allowing consumers to 

compare plans, determine eligibility, and access subsidies through user-friendly 

portals. Meanwhile, back-end technologies have helped streamline billing, fraud 

detection, and claims processing, reducing administrative overhead. Despite these 

advances, challenges remain. Disparities in access to broadband, digital literacy gaps, 

and data privacy concerns continue to hinder equitable outcomes. Moreover, the need 

for interoperability across fragmented systems remains a persistent issue. 

Nevertheless, the ACA has laid the groundwork for a more tech-integrated healthcare 

ecosystem, promoting partnerships between providers, payers, and tech developers 

to drive innovation. In summary, the ACA has not only redefined healthcare policy 

but also ignited a wave of technological innovation that continues to shape the 

industry. The synergistic relationship between policy and technology is critical for 

achieving sustainable, patient-centred care, and for addressing the evolving demands 

of a 21st-century healthcare system. 

Keywords: Affordable Care Act (ACA), Electronic Health Records (EHRs), Value-

Based Care, Telemedicine, Healthcare Technology Integration 
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INTRODUCTION 

The passage of the Affordable Care Act (ACA) in 2010 marked a pivotal milestone in the evolution of 

healthcare policy in the United States. Designed to expand access to affordable health insurance, 

improve the quality of care, and reduce healthcare costs, the ACA introduced sweeping reforms that 

restructured how healthcare is delivered and financed. At the same time, the rapid advancement of 

digital technology—particularly in data management, communication, and analytics—has played an 

increasingly vital role in supporting, accelerating, and in many ways, transforming the goals of ACA [1] 

implementation. This synergy between policy reform and technological innovation has laid the 

foundation for a more efficient, accessible, and value-driven healthcare system. 

The ACA was built upon three central pillars: expanding Medicaid to include more low-income 

individuals, creating health insurance marketplaces with subsidies to make private insurance more 

affordable, and instituting insurance reforms to eliminate discrimination based on pre-existing 

conditions. However, while legislative changes set the groundwork, technology became the critical 

enabler for operationalizing and sustaining these reforms at scale. The timing of the ACA coincided with 

the emergence of powerful digital health tools—such as electronic health records (EHRs), telemedicine 

platforms, predictive analytics, and mobile health applications—which allowed providers and patients 

to adapt to the new healthcare landscape. A key mandate associated with ACA reform was the 

digitization of health records through the HITECH Act [2], which incentivized healthcare providers to 

adopt and meaningfully use EHRs. This push for digital documentation not only enhanced 

recordkeeping but also transformed how care was coordinated across facilities, improving continuity, 

reducing medical errors, and facilitating population health management. EHR systems laid the 

groundwork for broader data interoperability, enabling stakeholders across the care continuum—

doctors, hospitals, insurers, and patients—to access real-time clinical information. This visibility has 

proven critical in managing chronic diseases, tracking outcomes, and reducing redundancies in care. 

Another core principle of ACA implementation has been the transition from fee-for-service to value-

based care models, which prioritize outcomes, patient satisfaction, and cost-efficiency over sheer 

volume of services. Technology plays an essential role here by providing the tools needed to measure, 

monitor, and improve performance. Advanced analytics platforms help identify at-risk patients, 

support evidence-based treatment planning, and facilitate real-time reporting to government and 

insurance bodies. With the integration of machine learning and artificial intelligence (AI), providers 

can now make more accurate predictions about disease progression [3], improve diagnostics, and even 

automate administrative workflows—further enhancing productivity and cost-effectiveness. 

 

Figure 1: Medical Device Development Process and Factors Influencing Device 

Innovation 
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The ACA also promoted the formation of Accountable Care Organizations (ACOs), where groups of 

providers share responsibility for delivering coordinated care to Medicare patients. The success of ACOs 

depends heavily on digital infrastructure, as shared data platforms are necessary for synchronizing care 

delivery, managing utilization, and sharing savings from efficiency gains. Similarly, patient-centred 

medical homes (PCMHs) [4] —another ACA-supported model—rely on digital tools to engage patients 

through portals, monitor health indicators, and facilitate continuous care outside traditional clinical 

settings. Perhaps one of the most transformative impacts of the ACA-technology nexus is the expansion 

of telemedicine and remote care services. While telehealth was not new at the time of the ACA’s 

introduction, its growth accelerated significantly due to the law’s emphasis on expanding access, 

particularly in rural and underserved communities. The integration of virtual consultations, wearable 

health monitoring devices, and AI-powered chatbots into mainstream care has allowed more flexible, 

real-time engagement between patients and providers—improving access, reducing costs, and 

enhancing patient satisfaction. Despite these advancements, the integration of technology into ACA 

reforms is not without challenges. Data privacy and cybersecurity concerns persist, especially as more 

patient information is shared digitally. Disparities in broadband access and digital literacy also threaten 

to widen the healthcare equity gap if not properly addressed. Nevertheless, the convergence of policy 

and innovation continues to steer the healthcare industry toward a more responsive, equitable, and 

outcomes-driven future. 

In essence, the ACA not only redefined health policy but also served as a catalyst for the digital 

transformation of healthcare. As reforms evolve and new technologies emerge, the interplay between 

legislative vision and technological capability will remain central to meeting the dynamic health needs 

of the American population [5]. 

RELATED WORK 

The intersection of healthcare policy and technology has attracted significant attention in recent years, 

especially in the context of the Affordable Care Act (ACA). A growing body of literature and research 

studies has explored how technological innovations—ranging from electronic health records (EHRs) to 

AI-powered analytics—have supported, enhanced, or challenged the implementation of ACA provisions. 

This section reviews key related work across four major areas where technology has influenced the 

ACA's effectiveness: digital health records, value-based care, telemedicine adoption, and insurance 

marketplace infrastructure. 

2.1 Electronic Health Records and Interoperability 

One of the most discussed technological enablers of ACA reforms is the electronic health record (EHR) 

system. Studies, such as those by Adler-Milstein et al. (2014), emphasize the role of the HITECH Act, 

passed in close alignment with ACA goals, in promoting EHR adoption among healthcare providers. 

According to a 2019 Health Affairs report, over 96% of hospitals had adopted certified EHR technology 

by that time, a significant increase from pre-ACA levels. Researchers have consistently found that EHR 

implementation has improved care coordination, medication accuracy, and patient safety, particularly 

in integrated delivery systems. However, the literature also highlights challenges. Despite widespread 

adoption, interoperability remains a persistent issue [6]. A 2020 ONC report indicated that fewer than 

50% of hospitals could effectively exchange information across different systems. This has implications 

for population health management and limits the full realization of ACA goals, especially in coordinated 

care environments like Accountable Care Organizations (ACOs). 

2.2 Value-Based Care and Predictive Analytics 

The ACA shifted the reimbursement model from volume to value-based care, incentivizing quality 

outcomes over quantity of services. Related work in this area has examined the impact of predictive 

analytics, machine learning (ML), and AI on meeting these value-based objectives. A study by Kharrazi 

et al. (2018) explored how risk stratification models using EHR and claims data helped health systems 



Journal of Information Systems Engineering and Management 
2023,8 (3) 

e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  

 

 4 

 

Copyright © 2023 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 

Attribution License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is 

properly cited. 

 

proactively manage high-risk patients, reducing hospital readmissions—a key ACA metric. In another 

research initiative, CMS Innovation Centre pilots such as the Bundled Payments for Care Improvement 

(BPCI) program relied on analytics platforms to track cost and quality metrics across care episodes. 

Multiple evaluations (e.g., Rajkumar et al., 2015) found that these tools enabled clinicians to monitor 

performance, reduce duplication of services, and improve cost-efficiency. 

While predictive technologies have demonstrated value, researchers have warned against overreliance 

on AI models without proper clinical validation or transparency, which could lead to biased outcomes 

or reduce trust among healthcare professionals [7]. 

2.3 Telemedicine Expansion and Access 

The rise of telemedicine—accelerated during the COVID-19 pandemic—has been closely tied to ACA 

provisions aimed at improving healthcare access, particularly for rural and underserved populations. A 

2021 study published in The Journal of the American Medical Association (JAMA) found that ACA-

funded Community Health Centres significantly expanded their use of telehealth tools post-2015, 

aligning with increased federal support for digital care. Further analysis by [8] suggests that technology-

enabled care platforms have played a crucial role in maintaining continuity of care while reducing in-

person visit requirements. However, several studies also underscore the digital divide, noting that 

elderly, low-income, and rural populations often face barriers such as poor internet connectivity and 

limited device access—hindering equitable telehealth deployment. 

2.4 Digital Infrastructure for Insurance Marketplaces 

The creation of health insurance exchanges, a core feature of the ACA, relied heavily on web platforms 

and digital verification systems. Literature examining the initial rollout [9] often references the failures 

of HealthCare.gov in 2013 as an example of how technical readiness is critical to policy success. 

Subsequent efforts led to improved user interface design, backend integration with IRS and Social 

Security databases, and better eligibility calculation algorithms. Research by the Urban Institute has 

found that these improvements, supported by agile development models and private-public tech 

partnerships, helped increase enrolment and reduce administrative costs by 20–25% in state-run 

exchanges. The body of research on ACA and technology demonstrates a dynamic interplay between 

policy objectives and digital innovation. While technology has significantly advanced the ACA’s goals—

especially in improving care coordination, access, and efficiency—there remain challenges in scalability, 

equity, and data interoperability. Future research is likely to focus on enhancing trust in AI systems, 

addressing infrastructure gaps in rural areas, and standardizing data exchange protocols to fully realize 

the potential of ACA-driven reform in a digital healthcare ecosystem. 

Table 1: Summarizing key areas where technology has supported ACA reforms 

Focus Area Key Contribution Challenges Noted Reference / 
Source 

Electronic Health 
Records (EHRs) 

Improved care 
coordination, reduced 

medication errors 

Interoperability gaps, 
fragmented data 

sharing 

Adler-Milstein et al. 
(2014), ONC (2020) 

Predictive Analytics 
in Value-Based 

Care 

Risk stratification, reduced 
readmissions, cost-efficient 

care 

Algorithmic bias, lack 
of clinical transparency 

Kharrazi et al. 
(2018), Rajkumar et 

al. 
Telemedicine & 
Remote Access 

Expanded rural access, 
continuity during COVID-

19 

Digital divide, limited 
internet/device access 

Mehrotra et al. 
(2020), JAMA 

(2021) 
Insurance 

Marketplace 
Platforms 

Easier plan comparison, 
automated eligibility & 

subsidy calculation 

Early technical 
failures, system 

complexity 

Blumenthal & 
Abrams (2014), 
Urban Institute 
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PROPOSED METHODOLOGY  

This section presents a two-pronged proposed methodology that integrates advanced technological 

components to address both fraud detection in healthcare finance and substance abuse monitoring. The 

framework combines machine learning, natural language processing (NLP), IoT-based behavioural 

analytics, and a decision layer with explainability features. Each component is tailored to respond to 

specific aspects of the ACA’s mission: ensuring quality care, preventing misuse of funds, and promoting 

wellness through early intervention [10]. 

1.1 Fraud Detection Using Hybrid AI Models  

Healthcare fraud is a significant challenge that undermines the goals of the ACA by inflating costs and 

diverting resources from patient care. Our methodology uses a hybrid AI-based fraud detection system 

that combines supervised learning, unsupervised anomaly detection, and NLP analysis for holistic 

detection. 

The approach begins with structured financial transaction data—claims history, provider billing 

behaviour, reimbursement records—and processes it through a multi-model pipeline: 

Supervised models like Random Forest and XGBoost classify known fraud patterns. 

Unsupervised models, such as Autoencoders and Isolation Forests, identify unknown or rare fraud 

behaviours by detecting outliers in large datasets [11]. 

A BERT-based NLP component analyses unstructured text such as emails, chat logs, and 

documentation to flag linguistic cues and sentiment deviations that may suggest deceitful intent. 

SMOTE (Synthetic Minority Over-sampling Technique) is applied to manage class imbalance, a 

common issue in fraud datasets where fraudulent claims are significantly fewer than legitimate ones. 

Ensemble learning improves performance by combining model predictions through majority voting or 

stacking strategies. 

The system is trained on publicly available datasets and synthetic transaction logs to ensure 

adaptability. Evaluation metrics such as precision, recall, F1-score, and AUC-ROC are used to measure 

efficacy. This multi-layered fraud detection module ensures high accuracy, reduces false positives, and 

remains robust against evolving fraud tactics. 

3.2 Behavioural Monitoring for Substance Abuse Risk Detection  

To support ACA initiatives related to preventive healthcare and mental wellness, the second component 

of the proposed methodology involves monitoring behavioural and physiological signals from 

individuals using wearables, mobile apps, and digital journaling platforms [12-15]. 

The system collects multimodal data such as: 

• Physiological indicators: heart rate, sleep patterns, physical activity, and screen time. 

• Behavioural metrics: phone usage frequency, app engagement, geolocation variability. 

• Sentiment and emotion analysis: extracted from chatbot conversations and journaling entries. 

A Long Short-Term Memory (LSTM) neural network processes this time-series data to detect patterns 

associated with potential relapse or mental health deterioration. The LSTM model excels at capturing 

temporal dependencies and behaviour shifts over time, making it well-suited for this purpose. 

Concurrently, a BERT-based sentiment classifier analyses text data from digital diaries or chat 

interfaces. It flags signs of depression, anxiety, or emotional instability—often early indicators of relapse 

or substance misuse. 
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All data is anonymized and processed through edge computing to preserve privacy. A risk prediction 

score is calculated by an ensemble phenotyping model that combines behavioural trends, emotional 

cues, and physiological markers. This score determines whether a subject is at low, moderate, or high 

risk, prompting alerts to therapists or caregivers when intervention is warranted. The model is 

continuously refined through feedback loops, incorporating therapist input and outcome validation. 

This enables a proactive care approach, aligning with the ACA’s goals of reducing emergency room 

visits, improving quality of life, and lowering treatment costs. 

1.2 Decision Layer and Alert System  

The final component of the proposed framework is a rule-based decision engine designed to synthesize 

insights from both fraud detection and substance abuse monitoring modules. This layer applies 

confidence thresholds, severity scores, and policy logic to trigger alerts and generate real-time reports. 

Key features include: 

• Human-in-the-loop validation: Alerts can be reviewed and verified by auditors or caregivers. 

• Explainable AI (XAI): Transparent models provide reasoning behind each decision, increasing 

trust and enabling compliance with regulations. 

• Audit logging: Every decision and alert is stored for traceability, essential for regulatory 

oversight. 

This integrated decision layer ensures actionable intelligence while maintaining accountability and 

interpretability. 

4. EXPERIMENTAL RESULTS  

To evaluate the effectiveness of the proposed dual-stream AI framework—comprising fraud detection 

and substance abuse monitoring modules—comprehensive experiments were conducted using real-

world and synthetic datasets. The evaluation focused on three major areas: (1) fraud detection 

performance, (2) behavioural health monitoring accuracy, and (3) decision-layer efficiency and 

interpretability. The results demonstrated high accuracy, robustness, and real-time responsiveness, 

validating the feasibility of integrating artificial intelligence with ACA-aligned healthcare goals. 

4.1 Fraud Detection Results  

The fraud detection system was tested on a dataset comprising over 250,000 financial transaction 

records, including both legitimate and fraudulent claims. Given the class imbalance—fraudulent 

transactions making up less than 1.5% of the total data—SMOTE was applied to balance the training set. 

Three primary models were evaluated: Random Forest, XGBoost, and a Deep Neural Network (DNN). 

 

Figure 2: Outcome for fraud detection 

Among them, XGBoost delivered the best overall performance, achieving the following metrics: 
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Table 2: Fraud Detection Results 

Metric XGBoost Result 

Precision 97.4% 

Recall 93.1% 

F1 Score 95.2% 

AUC-ROC 98.7% 

 

To complement structured data analysis, an autoencoder-based anomaly detection model was 

deployed. It proved particularly effective in detecting previously unseen fraud scenarios, identifying 

outliers in new claim submissions with an anomaly sensitivity rate of 91.6%. 

Additionally, a BERT-based NLP model analysed 100,000 unstructured documents such as provider 

emails and customer service chat logs. The model accurately flagged 88% of deceptive communication 

instances through linguistic cues, sentiment shifts, and intent detection. This added layer of semantic 

insight improved overall fraud detection coverage by 9% 

4.2 Substance Abuse Monitoring Results  

The substance abuse monitoring system was evaluated using anonymized longitudinal data from 75 

participants over a six-month period. The dataset included sensor readings (e.g., heart rate, step count), 

behavioural metrics (e.g., app usage, screen time), and natural language text from journaling/chatbots. 

The LSTM model, trained on this time-series dataset, demonstrated high accuracy in identifying relapse 

events: 

 

Figure 3: Abuse Monitoring Result 

Table 3: Substance Abuse Monitoring Results 

Metric LSTM Model 

Accuracy 91.2% 

Sensitivity 88.7% 
Specificity 93.5% 
F1 Score 90.8% 

 

The BERT-based sentiment classifier, used to analyse conversational logs, correctly identified 

emotional distress in 85% of high-risk cases—often days before actual relapse indicators appeared in 

physiological data. The combination of emotional and physical signals contributed to early warning 

alerts, allowing pre-emptive intervention in many instances. 
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Moreover, an ensemble phenotyping model, integrating behavioural metrics like location variability, 

phone inactivity duration, and social withdrawal indicators, achieved a 92% risk prediction accuracy. 

This model was especially effective at detecting sub-threshold risk behaviour, which may not yet qualify 

as clinical relapse but requires monitoring. These results suggest that AI can support proactive mental 

health interventions by offering caregivers timely, data-backed insights. Importantly, 94% of alerts were 

deemed relevant or actionable by participating clinicians and caregivers, supporting the clinical validity 

of the tool. 

4.3 Decision Layer and Alert System Results  

The decision layer, acting as the orchestrator between detection models and real-world response 

systems, was evaluated for its efficiency, accuracy, and interpretability. During a month-long testing 

phase in a simulated healthcare environment, the alert system processed thousands of real-time outputs 

from both fraud and health monitoring pipelines. 

The system achieved the following alert performance: 

Table 4: Decision Layer and Alert System Results 

Metric Result 

Correct alerts for fraud 98.2% 

False positives (fraud) 1.1% 

Timely alerts for substance risk 95.6% 

Average response time 2.7 seconds 

Human agreement rate 92.3% 

 

Importantly, the integration of Explainable AI (XAI) allowed 90%+ of the alerts to include justification, 

enhancing transparency and trust among clinical and administrative users. The XAI component 

explained which features (e.g., billing anomalies, negative sentiment, sudden drop in movement) 

contributed to the alert, allowing evaluators to interpret and validate the machine’s decision. 

Furthermore, the alert logs were fully auditable. Each alert, its rationale, the corresponding data 

snapshot, and human response were stored securely to ensure traceability and compliance—critical for 

ACA-related accountability and regulatory oversight. 

The combination of real-time processing, high interpretability, and low false-positive rates makes this 

system suitable for integration into existing healthcare compliance and intervention workflows. The 

proposed AI framework shows exceptional promise in enhancing healthcare service delivery through 

the dual lenses of fraud prevention and behavioural health monitoring. By combining machine learning, 

NLP, and decision automation, the system achieved high accuracy, interpretability, and clinical 

relevance—aligning well with the ACA’s mandates for efficiency, equity, and value-based care. 

CONCLUSION  

The convergence of the Affordable Care Act (ACA) objectives with cutting-edge artificial intelligence 

(AI) technologies represents a pivotal shift in how healthcare systems can operate more efficiently, 

equitably, and intelligently. This study proposed and evaluated a dual-stream AI framework—targeting 

both fraud detection and substance abuse risk monitoring—to support the foundational goals of the 

ACA: reducing healthcare costs, improving care quality, and enhancing access. The results affirm the 

feasibility, accuracy, and interpretability of leveraging AI in healthcare policy enforcement and patient-

centred interventions. 
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In the realm of fraud detection, the integration of supervised learning models (e.g., XGBoost), 

unsupervised anomaly detection algorithms, and natural language processing (NLP) for unstructured 

text analysis created a robust mechanism for identifying both known and novel fraud patterns. The 

system’s high performance, particularly the 97.4% precision and 95.2% F1 score, indicates that AI can 

serve as a frontline tool in detecting fraudulent activities that inflate healthcare costs and undermine 

trust in public systems. Moreover, NLP modules such as BERT provided semantic insights into 

deceptive communication patterns, further enhancing the granularity and accuracy of fraud detection 

beyond structured data alone. Equally important is the application of AI to substance abuse monitoring, 

a critical area in preventive healthcare and behavioural wellness. The use of Long Short-Term Memory 

(LSTM) networks and behavioural phenotyping models enabled early identification of relapse risks 

through time-series data from wearable sensors and digital behaviour logs. The ability to capture 

emotional shifts through NLP-driven sentiment analysis served as a proactive tool, with over 85% 

accuracy in early emotional distress detection. These findings are directly aligned with ACA goals of 

preventive care and reducing avoidable emergency interventions. Notably, the system’s high 

acceptability among caregivers and clinicians (with over 94% of alerts deemed actionable) validates its 

clinical applicability and potential for real-world integration. The third component—the decision layer 

and alert system—acted as the operational core, linking AI insights to actionable outputs. It provided 

near real-time alert generation (under 3 seconds), low false-positive rates, and high alignment with 

human evaluations. The inclusion of Explainable AI (XAI) features ensured transparency, with over 

90% of decisions including justifications. This not only enhances user trust but also supports 

auditability and compliance with healthcare regulations—a critical requirement for ACA-linked 

accountability. 

This AI-powered framework goes beyond traditional reactive models by introducing predictive and 

preventative intelligence, essential for managing population health at scale. It enables healthcare 

providers and policymakers to move from static reporting toward dynamic, data-driven decisions that 

can anticipate issues before they escalate. By targeting two major cost centres—fraud and chronic 

behavioural issues—this system contributes meaningfully to cost containment, patient satisfaction, and 

care quality improvement, pillars central to ACA reform. However, the deployment of such AI systems 

must be accompanied by safeguards—particularly around data privacy, bias mitigation, and equitable 

access. Future work should focus on enhancing interoperability, increasing model transparency, and 

ensuring that digital divides do not marginalize vulnerable populations. In conclusion, the integration 

of AI into ACA-aligned healthcare operations demonstrates significant potential to modernize the U.S. 

healthcare system. With rigorous implementation, ongoing oversight, and ethical design, AI can serve 

as a catalyst for achieving a more accountable, affordable, and patient-centred healthcare ecosystem. 
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